Noninvasive parcellation of the human cerebral cortex is an important goal for understanding and examining brain functions. Recently, the patterns of anatomical connections using diffusion tensor imaging (DTI) have been used to parcellate brain regions. Here, we present a noninvasive parcellation approach that uses "functional fingerprints" obtained by correlation measures on resting state functional magnetic resonance imaging (fMRI) data to parcellate brain regions. In other terms, brain regions are parcellated based on the similarity of their connection -as reflected by correlation during resting state -to the whole brain. The proposed method was used to parcellate the medial frontal cortex (MFC) into supplementary motor areas (SMA) and pre-SMA subregions. In agreement with anatomical landmark-based parcellation, we find that functional fingerprint clustering of the MFC results in anterior and posterior clusters. The probabilistic maps from 12 subjects showed that the anterior cluster is mainly located rostral to the vertical commissure anterior (VCA) line, whereas the posterior cluster is mainly located caudal to VCA line, suggesting the homologues of pre-SMA and SMA. The functional connections from the putative pre-SMA cluster were connected to brain regions which are responsible for complex/cognitive motor control, whereas those from the putative SMA cluster were connected to brain regions which are related to the simple motor control. These findings demonstrate the feasibility of the functional connectivity-based parcellation of the human cerebral cortex using resting state fMRI.
Introduction
Noninvasive parcellation of the human cerebral cortex into functionally distinct areas is an important field of neuroscience. Anatomical landmarks such as sulci and gyri are commonly used to delineate cortical areas of interest for the interpretation of functional neuroanatomy (Fischl et al., 2004; Goldstein et al., 1999) , with the default assumption that such delineation also reflects functional specialization. However, there is a limited correspondence between sulcal-and gyral-based anatomical boundaries and those based on functional specialization or more fine-grained structural organizations such as cytoarchitecture (Amunts et al., 1999) . As an alternative approach, white matter connectional information has been used to delineate distinct brain regions based on the assumption that a unique set of afferent and efferent connections to a given area is crucial factor in determining the functions that the area can perform (Passingham et al., 2002) . Recently, diffusion tensor imaging (DTI) has been used for parcellation of the human cerebral cortex on the basis of the anatomical connectivity profiles, called "anatomical fingerprints," in the thalamus (Behrens et al., 2003) , medial frontal cortex (Johansen-Berg et al., 2004) , and Broca's area (Anwander et al., 2007) .
"Functional fingerprints" is another approach that aims to parcellate cortical areas based on the similarity between functional connectivity patterns to other parts of the brain. This has been done with single-cell recordings (Mushiake et al., 1991) in animal studies, and from measurements of receptor architecture (Zilles et al., 2002) in postmortem. Areas that exhibit similar patterns of connectivity are said to have the same functional fingerprint. Invasive electrophysiological recordings in several cortical areas have led to the production of functional fingerprints in animals. However, it is difficult with this approach to record from multiple brain areas at once, and electrophysiological recording cannot be readily used for studying normal human brain function. Receptor imaging can provide information on the functional fingerprints of the human brain, with the limitation that this can only be defined postmortem. Here we present a method for noninvasively dividing up a cortical area based on its member voxels' functional fingerprints with connectivity assessed from resting state functional magnetic resonance imaging (fMRI) data.
The majority of fMRI studies infer brain connectivity by modeling fMRI time series in response to the stimuli presented (Heeger and Ress, 2002; Logothetis, 2008) . In this approach, the acquisition of data for construction of functional fingerprints has practical limitations, as it is difficult to acquire data on a wide range of areas and over a wide range of tasks. However, resting state fMRI has recently provided an alternative perspective for understanding the function of the brain. Based on brain energy metabolism studies (Raichle, 2006; Raichle and Mintun, 2006) , this alternative perspective suggests that the brain has stable patterns of spontaneous activity in the absence of tasks, and these patterns of spontaneous activity provide an alternative approach to understanding brain functional organization (Biswal et al., 1995; Fiser et al., 2004; Kenet et al., 2003; Llinas, 1988; MacLean et al., 2005) . Previous resting state studies show that the coherent spontaneous fluctuations are present in a large number of neuroanatomical systems, which include motor, visual, auditory, attention, and language networks .
Applications of resting state fMRI have recently demonstrated promise in describing boundaries between functional areas in limited regions of cortex in the normal population, and in individual subjects. Margulies et al. (2007) demonstrated more fine-grained functional connectivity patterns of differentiation among anterior cingulate cortex (ACC) subregions than were apparent in task-response fMRI studies (Margulies et al., 2007) . Cohen et al. (2008) provided the possibility of functional parcellation of the human brain regions by demonstrating the sharp change of resting state connectivity patterns along the cerebral cortex, even if the distance between cortical seed locations is very close (Cohen et al., 2008) . Zhang et al. (2008) demonstrated that the human thalamus can be subdivided into putative nuclei regions based on the strength of functional connectivity from predefined target areas (Zhang et al., 2008) .
Inspired by such previous approaches, we developed a functional connectivity-based parcellation method using resting state fMRI. We demonstrate that by using resting state function fingerprints of voxels within an area, we can segment it into different regions.
Materials and methods

Selection of segmentation area
We chose to segment the medial frontal cortex (MFC) using the resting state functional connectivity-based parcellation method detailed below. MFC was chosen because it is thought to be composed of two cytoarchitectonically and functionally distinct regions: the supplementary motor area (SMA) (F3) and the pre-SMA (F6) (Matelli et al., 1985 (Matelli et al., , 1991 Picard and Strick, 1996; Rizzolatti et al., 1996) . The SMA holds a complete somatotopical representation of body movement, whereas the pre-SMA holds a cognitive or abstract role in the performance of complex tasks, preparation for movement, motor selection, acquisition of new motor skills, and higher order aspects of speech (Nachev et al., 2008; Picard and Strick, 1996; Tanji, 1996 Tanji, , 2001 ; therefore, the functional role of the pre-SMA is considered more associated with complex/cognitive control situations than is that of the SMA (Nachev et al., 2008) . Furthermore, the structural border between the SMA and pre-SMA is generally defined by the vertical line traversing the anterior commissure (VCA) line Strick, 1996, 2001; Rizzolatti et al., 1996; Zilles et al., 1996) . This allows us to segment the region based on the structural images from each subject, and provided a reference segmentation with which to compare our results.
Subjects and data acquisition
Twelve right-handed participants (6 males and 6 females; mean age: 22 ± 2 years) were scanned for this study. Echo planar imaging (EPI) was carried out with Philips Intera Achieva 3. ) consisted of 155 volumes and lasted for 7.75 min. During each scan, participants were instructed to rest with their eyes open and fixated on a crosshair which was centrally projected in white against a black background. For spatial normalization, localization, and definition of the SMA and pre-SMA, a highresolution T1-weighted anatomical image was then acquired using a magnetization-prepared gradient echo sequence (TR = 9.9 ms; TE = 4.6 ms; flip angle = 8°; 298 slices; FOV = 240 × 240 mm 2 ;
acquisition voxel size = 0.5 × 0.5 × 0.5 mm 3 ). Resting state data were acquired in the axial plane, and anatomical data were aquired in the sagittal plane. These datasets were collected as a part of another study not described here. Informed written consent was obtained from all subjects and the study was approved by the Institutional Review Board of the Samsung Medical Center.
Manual segmentation of the MFC into SMA and pre-SMA For each subject, the SMA and the pre-SMA were manually defined by one neurologist (S.H. Kim) by tracing gyral and sulcal landmarks that are consistently found across subjects on highresolution 3D T1-weighted images. The SMA was manually defined as the area of the MFC in the superior frontal gyrus lying dorsal to the cingulate sulcus, rostral to the primary motor cortex, and caudal to the VCA line, whereas the pre-SMA was manually defined as the area of the MFC in the superior frontal gyrus lying dorsal to the cingulate sulcus, rostral to the VCA line, and caudal to the virtual line passing through the genu of the corpus callosum Strick, 1996, 2001; Rizzolatti et al., 1996) . The seed (MFC) mask for functional parcellation was defined by the union of the two manually defined SMA and pre-SMA masks. These two masks did not overlap and there was no gap between them.
For each subject, a gray matter mask was created by inverse transforming a probabilistic gray matter volume from MNI space to the subject's own space. The probabilistic gray matter mask was FSL's avg152T1_gray mask thresholded at probability 0.3.
Preprocessing of fMRI data
Data preprocessing was carried out using the fMRIB software library (FSL) (www.fmrib.ox.ac.uk). fMRI preprocessing steps consisted of (1) discarding of the first four volumes in each scan series, which were collected before equilibrium magnetization was reached; (2) correction for slice timing; (3) 3D rigid-body correction for head motion within and across runs (this step provided a record of head position within and across all fMRI runs); and (4) intensity scaling of each fMRI run to yield a whole-brain mode value of 1000. No participant had head motion of more than 2.0 mm translation in any of the three directions or more than 2.0°maximum rotation around any of the axes during the resting state scan (Table 1) .
Removal of nuisance signals
Functional connectivity analysis was carried out using AFNI (http://afni.nimh.nih.gov/afni/) (Cox, 1996) . We preprocessed the fMRI time series for correlation-based functional connectivity analysis (Fox et al., 2005; Vincent et al., 2007) as follows. Data were temporally band-pass filtered (0.009 Hz b f b 0.08 Hz) and spatially smoothed with a 5 mm full width at half-maximum Gaussian blur. To reduce spurious correlations from cardiac and respiratory fluctuations, subject motion, and other brain spanning common signals (Birn et al., 2006; Macey et al., 2004) , we created a set of regressors and regressed them out of the EPI time series. Specifically, the regressors of no interest were (1) global signal averaged over the whole-brain mask, (2) signal averaged over the white matter mask, (3) signal averaged from the ventricular mask, (4) six motion parameters, and (5) their first derivatives.
Functional correlation maps
Functional connectivity between a pair of voxels is represented by the Pearson correlation coefficient between their preprocessed resting state timeseries. To reduce the computational complexity, correlations were computed only between voxels in the gray matter mask. Let I(x,t) be a voxel x's preprocessed resting state timeseries. The crosscorrelation coefficient r x (v) between voxels x and v is given by Eq. (1):
where Ī(.) and S I (.) are the mean and standard deviation of I(.,t), respectively. The summation limit, T, corresponds to the total number of time points. Correlation coefficients were then normalized with the application of the Fisher's z transform (Zar, 1996) 
Functional connectivity-based parcellation
The basic idea behind functional connectivity-based parcellation is that voxels from the same functional region have resting signals that correlate in a similar and distinguishable manner with the remaining voxels in the brain. In this first application, we seek to determine the functional subdivision of the MFC area. For each high-resolution (1.72 × 1.72 × 4 mm 3 ) EPI voxel x in the MFC area, we calculated a normalized correlation map z x (V), where V is the whole-brain set of gray matter voxels resampled to a low resolution version (5 × 5 × 5 mm 3 ) of the smoothed resting state data. These maps (z.(V)) are stored in the rows of Z, the 'functional connectivity profile matrix' of dimensions N x × N v , where N x is the number of highresolution voxels in MFC, and N v is the number of low-resolution gray matter voxels in the downsampled dataset. The use of the low resolution dataset allowed us to reduce the size of the matrix being analyzed by a factor of 10.5. This downsampling made it easier to perform further computations with matrix Z. N v ranged from 5945 to 8420 voxels. The number of high-resolution voxels (N x ) within MFC was around 1500.
To describe the degree of similarity between functional connectivity maps of voxels in MFC, we computed the 'functional similarity Average displacement or rotation is calculated as
, where N is the number of time points, and x(i), y(i), z(i) are head displacement along x, y, z axis or rotation around x, y, z axis. Fig. 3 . Reproducibility of functional connectivity-defined clusters between 12 subjects in axial slice (Z = 58 in MNI coordinates). The MFC was parcellated into anterior (red) and posterior (yellow) clusters along the anterior-posterior axis. The results in sagittal slice can be found in Supplementary Figs. S1 and S2 (X = −10 for left hemisphere and X = 10 for right hemisphere in MNI coordinates). matrix' S = 1/N v (ZZ') which is the cross-correlation matrix of Z. Thus, each element (i,j) of this N x × N x matrix characterizes the degree of similarity between the normalized correlation map z i (v) of MFC voxel i and the normalized correlation map z j (v) of MFC voxel j. Element (i,j) of S measures how similar the whole-brain functional connectivity of MFC voxel i is to that of MFC voxel j. The calculation of S also reduces the dimensionality of the data by capturing the similarity of connectedness in a matrix that is a factor of 5 smaller than Z, on average. The K-means cluster algorithm (K = 2) was then applied to the columns of the S matrix, thereby associating each voxel with one of two clusters based on the similarity of their connectedness to the rest of the brain. The reordered functional similarity matrix is termed S c .
We also tested whether the resultant clustering of S was not specific to MFC, but an artifact of some low spatial frequency noise component for which we did not account. This test was done by shifting the manually delineated MFC mask to other arbitrary locations in the brain and recreated S c matrices at these new locations.
Functional connectivity maps for each cluster
For each subject, the connectivity map z cluster (.) between one cluster and the brain was created by averaging across the subset of rows of Z corresponding to that cluster. These normalized correlation maps describe the whole-brain connectivity pattern common to voxels in each of the clusters. A one sample t-test (n = 12 subjects) on these maps was performed to test for areas where the averaged normalized correlation is significantly different from 0 (p b 0.05, FDR corrected). These are the areas that are detectably correlated in a similar way to the collection of voxels in a given MFC cluster. Fig. 1 summarizes the segmentation process for one subject. A mask of MFC was manually defined on the T1-weighted image (Fig. 1A) and resting state data was used to generate a functional connectivity profile (Z) matrix (Fig. 1B) for every voxel in MFC with the rest of the brain. The functional similarity matrix (S) was obtained by cross-correlating the Z matrix (Fig. 1C) and the reordered functional similarity (S c ) matrix was subsequently created using Kmeans clustering (Fig. 1D) . Each entry in S c represents the degree to which a pair of voxels in MFC is similarly connected to the rest of the brain. The tiled pattern in the S c matrix reflects the slicewise ordering of voxels in Z. Reshuffling this order resulted in the same clustering but without the tiled appearance in the S c matrix. Fig. 1E shows a display of cluster membership of each voxel in MFC atop the subject's anatomical image. Note how the clusters are organized into anterior and posterior clusters along the anterior-posterior axis.
Results
Functional parcellation of the MFC
Reproducibility between subjects
To explore the reproducibility of the functional connectivitydefined clusters between subjects, we processed data from 12 subjects. Fig. 2 shows that all reordered similarity (S c ) matrices had clearly identifiable breakpoints where the connection similarity profiles changed abruptly. Fig. 3 shows the two clusters to be similarly oriented along the anterior-posterior axis for each of the 12 subjects (Fig. 3 for an axial slice, and Supplementary Figs. S1 and S2 for two sagittal slices). Fig. 4 shows the population probabilistic maps in MNI space for each functional connectivity-defined cluster by computing cluster overlap across subjects. The population probabilistic maps showed that most of the anterior clusters were located rostral to the vertical line extending from the anterior commissure (Y ≈ 0), whereas the most of the posterior clusters were located mainly caudal to the vertical line (Fig. 4) . The functional boundary between the anterior and posterior clusters was located close to the VCA line (Y ≈ 0), which suggests that these functional connectivity similarity clusters correspond to anatomical homologues of pre-SMA and SMA.
Correspondence between structural and functional subregions
There was a good general correspondence between the functional connectivity-based subdivision of MFC and the anatomy-based subdivision of MFC. Fig. 5 shows the correspondence between manual (A) and functional (B) parcellation of MFC for subject number 1. The functionally delineated anterior and posterior clusters corresponded closely to the anatomical landmark-based pre-SMA and SMA, respectively. Fig. 5C is a plot of the centers of mass (CoM) for functional (blue) and anatomical (red) parcellations of anterior and posterior clusters for each of the 12 subjects. Black lines join CoMs from the same subject. The mesh in blue is a dorsal view of the surface model of the hemispheres of one of the subjects, transformed to MNI space. The CoMs for the anatomical pre-SMA colocalized with the CoMs for the functional connectivity-based anterior cluster, whereas the CoMs of the anatomical SMA colocalized with the CoMs of the posterior cluster. Paired two-sample t-tests were performed on distances between functional and anatomical CoMs. For both hemispheres, the average CoM of the anterior cluster was significantly closer to that of the anatomically defined pre-SMA than to that of the anatomically defined SMA, whereas the CoM of the posterior cluster was significantly closer to that of the anatomically defined SMA when compared with that of the anatomically defined pre-SMA (p b 0.001 in all four tests).
Functional fingerprints for the putative SMA and pre-SMA Fig. 6 shows the cross-subject averaged normalized correlation maps for the putative pre-SMA (A), and SMA (B). Results are shown with no thresholding because no thresholding was used in creating the connectivity matrices, or in the clustering phase. However, to report on the strongest correlations, we use results from the one sample t-test (p b 0.05, FDR corrrected). The t-test showed that for the functional pre-SMA cluster, normalized correlations were significant with regions in the prefrontal cortex, the inferior frontal gyrus, the angular gyrus, and the anterior cingulate cortex. In contrast, for the functional SMA cluster, normalized correlations were significant with regions in the premotor area, the primary motor cortex, the somatosensory cortex, and the middle cingulate cortex. Fig. 7 shows unthresholded similar maps to those in Fig. 6 , but for correlation patterns in the subcortical areas. Normalized correlations with functional pre-SMA cluster were higher in the caudate and the anterior thalamus, while for the functional SMA cluster, the normalized correlations were higher in the putamen and the ventrolateral thalamus. Note that these subcortical correlations are lower in magnitude than those seen in the cortical areas of Fig. 6 , and most would not reach significance at the levels reported for cortical areas. This may be caused by differences in noise levels, or the relatively high smoothness (5 mm FWHM) and the coarse resolution (5 × 5 × 5 mm) at which the gray matter voxels were resampled.
Clustering results with mask in control regions
We were concerned that the functional parcellation could reflect a spatially smooth noise component for which we did not account, rather than brain connectivity. It is conceivable that spatially smooth noise could result in any ROI being divided into roughly equal parts in the A-P direction with K = 2 clustering. To address this concern, we repeated the analysis with masks comparable to the one used for MFC but shifted to other brain areas. Such control regions did not produce a clustering pattern similar to the one obtained for MFC. The clusters do not show a division that occurs along the anterior to posterior direction and the clusters are less spatially grouped than they are in Fig. 6 . Cross-subject averaged normalized correlation maps for the anterior and the posterior cluster, projected to a cortical surface model. (A) The anterior cluster is functionally connected to brain regions in the prefrontal cortex, the inferior frontal gyrus, the angular gyrus, and the anterior cingulate cortex. (B) The posterior cluster is functionally connected to brain regions in the premotor area, the primary motor cortex, the somatosensory cortex, and the middle cingulate cortex. The colorscale shows the average normalized correlation with the cluster z cluster (.), with z values ranging from negative (−0.25) to positive (0.25). Data are displayed on the lateral and medial surfaces of the left hemisphere (left), the dorsal surface (center), and the lateral and medial surfaces of the right hemisphere (right). MFC. Supplementary Fig. S3 contains S c matrices and functional connectivity-defined clusters for various control regions.
Discussion
We have segmented a brain region into areas with different whole-brain functional fingerprints from resting state fMRI. The functional fingerprints were used to parcellate the human MFC into anterior and posterior clusters. In agreement with manual gyral-based segmentation, the probabilistic map of anterior clusters from 12 subjects was located rostral to the VCA line, and that of posterior clusters was located caudal to the VCA line, suggesting the anatomical homology of pre-SMA and SMA. These findings show that the functional connectivity patterns from resting state fMRI can be a reliable feature for noninvasive parcellation of the human cerebral cortex. In addition, the proposed method could be useful for examining intrinsically organized neuroanatomical systems of brain subregions as illustrated in Figs. 6 and 7.
Isolated voxels in MFC and functional parcellation of MFC (K = 3)
The reordered functional similarity (S c ) matrices show identifiable breakpoints where functional connectivity patterns changed abruptly. Most of voxels belonging to the same cluster in S c matrix formed one contiguous spatial cluster in the brain. However, this was not always the case. As illustrated in Fig. 8A , we found isolated voxels in the middle of the spatial cluster. These isolated voxels may have been incorrectly classified because of noise, or because our method forcibly classified all MFC voxels into one of the two cluster (K = 2). If by using a higher K the spatially isolated subcluster blends into its neighbors, this would suggest that the area is perhaps better subdivided into more regions. However, when applying K-means clustering with K = 3, we found that these voxels did not form a spatially contiguous third cluster, suggesting that their presence may be due to noise or artifacts. It is not obvious how the number of clusters should be chosen a priori for a particular area of interest. For MFC, the choice of two clusters was based on previous practice. However, using three clusters reveals a more subtle subdivision that may be as valid as with K = 2. More recently, cytoarchitectonic evidence suggested that the MFC could be divided into three subregions (Vorobiev et al., 1998) . Analyzing all 12 subjects with K = 3 showed that the MFC was parcellated into anterior, transitional, and posterior clusters along the anterior-posterior axis (Fig. 9) . The functional connectivity-based parcellation of MFC for K = 3 seems to be consistent across subjects, but further study is needed to quantify the structure-function correspondence with such cytoarchitectonic maps. It would be informative to conduct experiments in the same set of subjects comparing tractography-based parcellations (Johansen-Berg et al., 2004) and resting state based as shown here. The two approaches could be complimentary, with more specificity provided by DTI where tracts are easily discerned and our resting state approach where fiber crossing is a problem.
Control seed ROIs
In this project, we chose the MFC complex, which has reliable anatomical markers (Brodmann's area 6). Despite the match with manual segmentation of MFC, we were concerned that the subdivision of MFC into two clusters of comparable size reflected some spatially smooth property of the data. With a smooth random field, placing a mask in any region and requiring two clusters may end up splitting the area into two spatially contiguous parts of comparable size. However, when the mask was moved around the brain we found that the two clusters were no longer as spatially contiguous or organized along a particular direction. This finding, along with the distinct connectivity patterns shown in Figs. 6 and 7, suggests that the clustering result reflects true connectivity differences found in MFC.
We tried to apply our method using the whole brain as a seed mask, but we could not parcellate the whole brain into subregions because of computational power and memory problem. With larger computational power and improvements to the algorithm, and perhaps with longer resting state data acquisitions, our approach should be applicable to a whole-brain mask, which would allow the investigation and parcellation of whole-brain resting state functional networks.
Functional connections of SMA and pre-SMA in the resting brain
The current results confirm observations from previous functional and anatomical connectivity studies and provide comprehensive knowledge related to pre-SMA and SMA networks. It is known that the functional role of the pre-SMA is associated with more complex and cognitive controls, such as alternation of motor plans, task switching, acquisition of new motor skills, and motor selection, when compared with the SMA (Marsden et al., 1996; Nachev et al., 2008; Picard and Strick, 1996) . Studies using task-related functional data demonstrated that the pre-SMA is coactivated with prefrontal cortex and caudate when comparing task switching with task-repetition (Gu et al., 2008) , and that the pre-SMA is coactivated with ACC during a Stroop task (Barch et al., 2001; Pardo et al., 1990) . Anatomical studies using diffusion data demonstrated that the pre-SMA has many projections to and from the prefrontal areas and caudate, whereas the SMA is mainly connected to the primary motor cortex and putamen (Johansen-Berg et al., 2004; Lehericy et al., 2004a,b) . These subcortical anatomical connections are reflected by the patterns of Fisher-normalized correlations between anterior and posterior cluster to subcortical regions. The anterior cluster had a high degree of connection to the dorsal caudate, whereas the posterior cluster had a high degree of connection to the putamen. This is generally consistent with evidence that the putamen is the main motor function unit and the dorsal caudate is the main cognitive function unit in the human striatum (Di Martino et al., 2008; Postuma and Dagher, 2006) . In our data, connections with subcortical areas were weaker than those with cortical areas. Although these weak correlation patterns play a role in the clustering approach, voxelwise correlations do not reach significance at the level reported for cortical areas. This is likely caused by higher noise levels, size of the structures relative to the smoothness of 5 mm FWHM imposed on the data, and the small number of subjects (n = 12) for such a statistical test. For this reason, it is not possible to compare our connectivity patterns' subtle spatial details with those from high-resolution anatomy-based data, such as from Lehericy et al. (2004a) . For such comparisons to be made, we would need to smooth more carefully within subcortical structures masks (e.g., with AFNI's 3dBlurInMask, or 3danisosmooth) that are created on a per subject basis (Fischl et al., 2002) . We would also need more subjects to gain statistical power. Nonetheless, the overall connectivity patterns in our current results do agree with previous findings and reveal the comprehensive networks of pre-SMA and SMA observed over a wide range of tasks and from diffusion data.
Resting state functional conditions
In this study, the connectivity patterns distinguishing pre-SMA from SMA were obtained from resting state data that were acquired during eyes open with fixation. However, resting state data are often acquired during eyes closed conditions, or with eyes open and no fixation target. Studies have shown that the functional connectivity differences exist between different resting state conditions (Bianciardi et al., 2009; Zou et al., 2009 ). For example, Yan et al. (2009) found that the functional connectivity of the default mode network (DMN) in the resting state with the eyes open is significantly higher than that with the eyes closed, but the functional connectivity patterns were similar across the different resting state conditions.
Other studies showed that functional connectivity patterns of the DMN were similar across the different resting state conditions (Fox et al., 2005; Greicius et al., 2003) .
Based on these studies, it seems that differences due to the eyes being open or closed are ones of connectivity strength, rather than spatial pattern. Since we found that pre-SMA and SMA had different connectivity patterns, we expect that the results would hold during conditions of eyes closed, or eyes open without fixation. However, it is possible that resting condition design may have an effect when this type of connectivity mapping in cortical areas more closely involved in visual processing (e.g., frontal eye fields).
Possible impact of global signal regression
The use of global signal regression has recently been under debate. Fox et al. (2009) demonstrated that global signal regression leads to improvement in the correspondence between resting state functional correlation and anatomy (e.g., cortical-thalamic correlations). Murphy et al. (2009) , on the other hand, demonstrated that global signal regression leads to not only over-estimation of negative correlation, but also under-estimation of positive correlation. We have included global signal regression in our study because it has been common practice until these recent controversies. The bias this introduces is not expected to differentially affect connectivity from SMA, compared to that from pre-SMA, so we expect that global signal regression should not affect our results. To test this, we repeated the analysis without the global signal regressor. Average signals from each of white matter and CSF were left as regressors of no interest to account for non-gray matter specific correlations. We found the probabilistic maps of Fig. 4 obtained with global signal regression were very similar to these maps obtained without global signal regression (Fig. S4 ).
Conclusion
We have proposed a method for segmenting a specific region into subregions based on its voxels' whole-brain functional fingerprints. The subdivisions are determined without explicit reference to anatomical landmarks and require no cognitive tasks during fMRI acquisition. The ability to localize functional SMA and pre-SMA in vivo could be used not only to examine abnormal functional networks related to motor function, but also to more precisely target functional motor areas in the treatment of movement disorders, such as patients with SMA epilepsy and alien-limb syndrome, by functional neurosurgery.
